SUMMARY Methods of window matching to estimate 3D points are the most serious factors affecting the accuracy, robustness, and computational cost of Multi-View Stereo (MVS) algorithms. Most existing MVS algorithms employ window matching based on Normalized CrossCorrelation (NCC) to estimate the depth of a 3D point. NCC-based window matching estimates the displacement between matching windows with sub-pixel accuracy by linear/cubic interpolation, which does not represent accurate sub-pixel values of matching windows. This paper proposes a technique of window matching that is very accurate using Phase-Only Correlation (POC) with geometric correction for MVS. The accurate sub-pixel displacement between two matching windows can be estimated by fitting the analytical correlation peak model of the POC function. The proposed method also corrects the geometric transformations of matching windows by taking into consideration the 3D shape of a target object. The use of the proposed geometric correction approach makes it possible to achieve accurate 3D reconstruction from multi-view images even for images with large transformations. The proposed method demonstrates more accurate 3D reconstruction from multi-view images than the conventional methods in a set of experiments.
Introduction
Multi-View Stereo (MVS) is a technique used to reconstruct the 3D shape of an object using a set of images taken from different viewpoints [1] - [3] . High-quality 3D shapes have recently been created from only camera images with the development of computer and camera technologies and with the advances in 3D reconstruction technologies. Therefore, MVS has attracted considerable attention from various fields such as industry, medical care, and the arts. MVS algorithms consist of combinations of many processes, i.e., selection of views, reconstruction of 3D points by local window matching, removal of outliers, generation of 3D meshes from 3D point clouds, and optimization of 3D meshes. Window matching to determine the 3D coordinates of objects is the most important factor in the processes for the MVS algorithm, since its performance affects the accuracy, robustness, and computational cost of the MVS algorithm. Window matching based on Normalized CrossCorrelation (NCC) has been used in most MVS algorithms [1] , [4] - [10] . Goesele et al. [4] applied NCC-based window matching to the plane-sweeping approach to generate an accurate depth map by cumulating the correlation values calculated from multiple stereo image pairs with changing depths. Campbell et al. [7] generated a more accurate depth map than that with Goesele et al.'s method [4] by using the matching results from neighboring pixels to improve the accuracy of 3D reconstruction and reduce the number of outliers. Bradley et al. [6] and Furukawa et al. [9] achieved robust window matching by transforming the matching window not only according to depth but also the normal of the 3D points.
NCC-based window matching was used in these MVS algorithms to evaluate the likelihood of 3D points. Therefore, the optimal 3D point has to be found by iteratively computing NCC values with changing parameters of 3D points such as depth and the normal. For instance, the planesweeping approach used in Goesele et al.'s algorithm [4] computes NCC values with discretely changing depths of 3D points and selects the depth with the highest NCC value as the optimal one. Since a significantly small step size for depth is required for accurate 3D reconstruction, the number of matches is also significantly increased. In addition, although NCC-based window matching estimates the displacement between matching windows with sub-pixel accuracy by linear/cubic interpolation, such interpolation does not represent accurate sub-pixel values of matching windows.
Addressing the above problems, we proposed an efficient window matching method using Phase-Only Correlation (POC) for MVS [11] . POC (or simply "phase correlation") is a kind of correlation function calculated only from the phase components of 2D Discrete Fourier Transforms (DFTs) of given images [12] - [14] . The sub-pixel displacement between images can be estimated using the analytical peak model of a POC function [14] , resulting in accurate depth estimation. However, the accuracy of matching with POC-based method deteriorates in stereo image pairs that have relatively large image transformation, since it is assumed that the image transformation between matching windows only has translational displacement. Although the proposed method demonstrated accurate 3D reconstruction in stereo image pairs with a narrow baseline, the error in reconstruction was increased in stereo image pairs with wide
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⃝ 2015 The Institute of Electronics, Information and Communication Engineers baselines. This paper proposes a geometric correction technique to improve the accuracy of the proposed method, where the image transformation between a stereo image pair is approximated by local scaling, skewing, and translations. The matching windows are defined by taking into consideration approximated image transformation. It is important to define the shape of matching windows so as not to change the shape of the POC function to reduce the effect of local scaling and skewing. The proposed method with geometric correction makes it possible to achieve accurate 3D reconstruction from multi-view images. This paper also makes new datasets to evaluate MVS algorithms, which consist of a set of images with camera parameters and their ground-truth data measured by a 3D digitizing system. The proposed approach demonstrated more accurate 3D reconstruction from multi-view images than conventional methods in a set of experiments using public and our own datasets.
The rest of the paper is organized as follows: Section 2 describes the fundamentals of POC for MVS. Section 3 describes the POC-based window matching with geometric correction for MVS. Section 4 demonstrates a set of experiments using public and our own datasets. Section 5 ends with some concluding remarks.
Phase-Only Correlation for Multi-View Stereo
This section describes the fundamentals of POC-based window matching for MVS [11] . POC is an image matching technique using the phase components in DFTs of given images and is robust against changes in illumination and noise. Furthermore, the most important feature of POC is that the POC function calculated from two images has an analytical peak model [14] . Translational displacement with sub-pixel accuracy can be estimated by fitting the analytical peak model to the calculated data array around the correlation peak, where the height of the peak and the location of the peak are fitting parameters.
POC is used in local window matching in MVS between multi-view images. Stereo image pairs are generated from multi-view images and then local translational displacement between stereo image pairs is estimated using POC. Since the translational displacement between the stereo image pairs is limited to the direction of epipolar lines, 1D POC-based image matching [15] is used in MVS. The POC functions calculated from stereo images with different viewpoints indicate different peak positions due to the difference in camera positions.
To address the above problem, we introduce the disparity normalization technique to POC-based window matching [11] . Let V = {V 0 , · · · , V H−1 } be multi-view images with known camera parameters. We consider reference view V R ∈ V and neighboring views C = {C 0 , · · · , C K−1 } ⊆ V − {V R } to be input images, where H is the number of the multi-view images and K is the number of the neighboring views. We generate K pairs of rectified stereo images
T in the camera coordinate of V R and the rectified stereo image
where 
The relationship between d i in each rectified stereo pair and the normalized disparity d can be written as
where s i denotes the scale factor for the disparity d i and is given by
We can integrate the POC functions calculated from multiple stereo image pairs into the same coordinate system by using the normalized disparity d. We take into consideration the problem of obtaining a true 3D point M from the initial 3D point M ′ on the reference viewpoint using POC-based window matching in the following. Note that the initial 3D point M ′ is selected according to the design of the MVS algorithm. Its simplest form is to employ the brute force search to select the initial 3D point M ′ as used in [4] . with size s i w× L, respectively, where w× L is the unified size of the matching window. s i is the scale factor for disparity normalization. Scaling image signals f i and g i by 1/s i , the size of the matching windows is normalized to w × L, where we denotef i andĝ i as the scaled version of the matching windows f i and g i , respectively. The 1D POC functionr i betweenf i andĝ i is then calculated. Thus, 1D POC functionsr i (i = 0, · · · , K − 1) have the same peak position. The average POC functionr ave calculated from POC functionsr i (i = 0, · · · , K − 1) is used to improve the accuracy of depth estimation. Note that we average POC functionsr i whose peak value α i is larger than a threshold th corr , to reduce the effects of occlusion and object boundaries. The correlation peak position δ with sub-pixel accuracy is estimated by fitting the analytical peak model of the POC function tor ave . The true position of the 3D point M is obtained by calculating the displacement between the initial 3D point M ′ and the true 3D point M from the translational displacement δ as
where d ′ is normalized disparity of the initial 3D point M ′ . Only one calculation of the POC function makes it possible to calculate the true position of 3D point M with sub-pixel accuracy from the initial 3D point M ′ .
POC-Based Window Matching with Geometric Correction for Multi-View Stereo
This section describes POC-based window matching with geometric correction for MVS, which is robust against image transformation between stereo image pairs. The image transformation between stereo image pairs is represented by nonlinear deformation depending on the 3D shape of the target object and the positions of cameras. Such nonlinear deformation between stereo image pairs is approximated in the proposed method by local scaling, skewing, and translations. POC-based window matching is done between rectified stereo pairs as was explained in Sect. 2. After stereo image pair is rectified, epipolar lines are parallel to the horizontal or vertical axis. Therefore, the image transformation between the rectified stereo image pair is horizontally or vertically limited. Assuming that each local region of the object is approximated by a 3D plane, the image transformation between the matching windows on the rectified reference view V rect R,i and on the rectified neighbor-
can be approximated by scaling and skewing as shown in Fig. 2 [16] .
The following focuses on the rectified stereo pair
to explain how scale factor ξ i and skew angle κ i are calculated when given 3D point
T . Note that the coordinate system of M i and n i , which are the camera coordinates of the rectified reference view V rect R,i , rotates depending on the camera parameter of the neighboring view C i in stereo rectification. First, we describe the image transformation model between the rectified stereo image pair when assuming that the local region of the object is represented by a 3D plane. Next, we describe the reduction of the effect of scaling and skewing in the matching windows. Then, we present the proposed 3D reconstruction method using POC-based window matching with geometric correction. In the following, we omit the suffix i, which is the index number of stereo pairs, since the scale factor and the skew angle are independently calculated for each stereo pair.
Binocular Viewing of Plane in Rectified Stereo Pair
At first, we consider that epipolar lines are parallel to the horizontal axis due to stereo rectification as shown in Fig. 2 . The rotation matrix R cam and the translation vector t cam between the rectified stereo pair are given by
The intrinsic parameters A of the reference view V rect R and A ′ of the neighboring view C rect are also given by 
The transformation matrix H is defined by
where d u is given by
As observed in Eq. (10), the transformation matrix H represents an affine transformation between the rectified stereo pair whose target object is a 3D plane. In particular, the transformation matrix H consists of scaling, skewing, and translational displacement in the horizontal axis. In the case that epipolar lines are parallel to the vertical axis, the same discussion can be applied by replacing u and v. As mentioned above, the image transformation between the rectified stereo pair can be represented by scaling, skewing, and translational displacement when it assumes that the local region of the object is approximated by a 3D plane [16] .
Reduction of Effect of Scaling and Skewing in Matching Windows
The key idea of the proposed method is to improve the accuracy of depth estimation of POC-based window matching by reducing the effect of image transformation between matching windows such as scaling and skewing. We do not take into consideration the translational displacement d u in POCbased window matching, since d u represents a displacement between the center coordinates of matching windows, which is determined by the initial 3D point M ′ . The matching window has to be defined so as to reduce the effect of scaling and skewing.
In the proposed method, we reduce the effect of image transformation between matching windows by scaling the size of matching window on the reference view by ξ and by skewing the matching window on the neighboring view by κ as shown in Fig. 2 . In the case of horizontal stereo rectification, the scale factor ξ and the skew angle κ are given from Eq. (10) as follows:
Meanwhile, in the case of vertical stereo rectification, ξ and κ are given as follows:
Local scaling between the stereo image pair can be reduced by scaling the size of matching windows on V In addition, the matching window on the neighboring view is transformed by κ i to reduce the local skew between the stereo image pair, where each vertical line of the matching window is translated on the axis perpendicular to the epipolar line.
3D Reconstruction Using POC-Based Window Matching with Geometric Correction
We apply the proposed window matching method to a simple plane-sweeping approach to reconstruct 3D point clouds from multi-view images [17] as one of applications of the proposed method. In the basic plane-sweeping approach, the depth of the 3D point is determined by iteratively evaluating a similarity between matching windows with changing depths of the 3D point on the viewing ray on the reference view. As mentioned in Sect. 2, the initial depth is selected according to the design of the MVS algorithm. In this paper, we employ the brute force search to estimate the true depth as well as other window matching method such as [4] , i.e., the initial depth is selected from a possible depth range with the step size ∆Z. In addition, the proposed method determines the scale factor and the skew angle between matching windows using the normal vector. Since the normal vectors of the object surface are not known, we select the optimal normal vectors having the highest correlation peak of the POC function by repeating POC-based window matching with changing normal vectors [17] . Given the initial depth of the 3D point, the proposed POC-based window matching method can estimate the true depth with sub-pixel accuracy within the range corresponding to ± 1/4 of the window size w by one window matching. The effective information of POC function with w pixels× L lines is limited to w/2 pixels× L lines, since we apply a Hanning widow with w/2-half width to the POC function to reduce the boundary effect [15] . Hence, the proposed POC-based window matching method allows us to employ relatively large step sizes within a quarter of the matching window size. On the other hand, NCC-based window matching methods have to employ smaller step size such as ∆Z = 1/10 and ∆Z = 1 than the proposed method in order to reconstruct the accurate 3D points, resulting in the increase in the computational cost. We empirically confirmed that the accuracy of NCC-based window matching methods are significantly dropped when the step size ∆Z is set within a quarter of the matching window size as well as the proposed method. We calculate a depth on the coordinate m = [u, v] T in the reference view V R with the following procedure from all images and camera parameters of the reference view V R and a set of neighboring views C. Step1: Create a set of rectified stereo image pairs V Step3: Calculate POC functionr ave between the multi-view images with changing the depth and the normal vector n of 3D point M, where the matching windows for each stereo pair are transformed by scaling factor ξ i and skew angle κ i calculated from n and M. We have considered nine candidates for n in this paper, which are obtained by rotating the normal vector facing V R on the X and Y axes within the range of ±π/8. Note that the proposed method does not limit the number of candidates to nine, i.e., this setting is an design example of the proposed method. The number of candidates or the candidate selection method can be designed depending on the MVS algorithm. As mentioned above, the use of the proposed POC-based window matching method makes it possible to employ relatively large step sizes. In this paper, the step size of depth for M corresponds to a quarter of the matching window size on the stereo images. Step4: Select M and n having the highest correlation peak ofr ave . Further, update M according to the peak position of r ave .
Experiments and Discussion
This section describe our evaluation of the accuracy of reconstruction and the computational cost with a variety of window matching methods.
Dataset for MVS Evaluation
One of the famous datasets for MVS algorithms is the Middlebury MVS dataset [2] , [18] . The accuracy of window matching methods cannot be evaluated using this dataset, since this dataset is created for the purpose of evaluating the accuracy of the MVS algorithm including in window matching, view selection, mesh model optimization, etc. On the other hand, the purpose of this paper is to explore the accurate window matching method. Therefore, we do not use the Middlebury MVS dataset to evaluate window matching methods in this paper.
For the purpose of evaluating the accuracy of window matching methods, we make MVS datasets consisting of a set of multi-view images, their camera parameters, and the ground-truth mesh model. Figure 3 shows examples of our MVS dataset. The target objects are figurines of a cat and a dog. We use a camera (Point Gray, Flea 3: FL3-U3-13Y3M-C) with 1,280×1,024 pixels. The images are taken with the camera by changing the height of the camera with 3 patterns and the rotation angle of the turntable with 20 patterns. A 3D mesh model for each target object is measured with the 3D digitizing system (Steinbichler, COMET5) for quantitative performance evaluation. The intrinsic parameters of the camera are estimated using the method of camera calibration proposed by Zhang et al. [19] in advance. The extrinsic parameters are estimated by minimizing the reprojection error of SIFT-based image matching [1] , [16] , [20] , where the reprojection error was calculated using a ground-truth mesh model.
In the experiments, we also employ the dataset "Fountain-P11" [3] , [21] . The dataset "Fountain-P11" includes multi-view images (11 images), camera parame- ters † , and a mesh model of a target object, which can be used as the ground-truth. We can evaluate the accuracy of 3D point clouds obtained from window matching methods, since the ground-truth mesh data is publicly available in [21] .
Window Matching Methods
We compare the accuracy of 3D point clouds obtained by window matching methods, since the purpose of this paper is not to propose the whole MVS algorithm but the window matching method for the MVS algorithm. Although some of conventional MVS algorithms employ outlier removal and mesh optimization to improve the accuracy of 3D reconstruction, we evaluate the accuracy of 3D point clouds except for such improvement techniques in the experiments. We classify the window matching methods used in the experiments according to type of matching method, sub-pixel estimation, and geometric correction in Table 1 . In the experiments, we apply eight window matching methods to the plane-sweeping approach and evaluate their reconstruction accuracy and computational cost. Both for NCCand POC-based window matching with geometric correction, we consider nine candidates of the normal vector to estimate a transformation matrix. The following shows detailed description for each method.
NCC+BF (+Homography)
NCC is used for window matching between multi-view † We empirically confirmed that the camera parameters available at [21] had an error. Therefore, we optimized the extrinsic parameters according to the same way used in our datasets.
images. In BF, NCC values are computed with changing depth Z by the step size ∆Z and the depth with the highest NCC value is selected as the optimal one. In this paper, we set the step size ∆Z corresponding to 1/10 pixels on the stereo image. The size of window for NCC-based matching is 17 × 17 pixels, which is equivalent in terms of the effective signal size to that for the POC-based window matching method. The threshold value for averaging the NCC values calculated from stereo image pairs is 0.5. When reducing the effect of image transformation of matching windows in NCC-based window matching methods, the image transformation model is represented by the projective transformation between matching windows. In this case, we do not apply stereo rectification to images.
NCC+FF (+Homography)
In FF, the depth Z with sub-pixel accuracy is estimated by fitting the peak model function around the depth having the maximum NCC value. In this paper, the parabola function is fitted to NCC values around Z having the maximum NCC value obtained by BF with ∆Z = 1 pixel. In this case, we do not apply stereo rectification to images.
NCC+LM (+Homography)
In LM, the depth Z with sub-pixel accuracy is estimated by nonlinear optimization around the depth having the maximum NCC value, where Z is a parameter to be optimized. In this paper, the NCC value is maximized by the LevenbergMarquardt algorithm, where the initial value is set to the NCC value obtained by BF with ∆Z = 1 pixel. In this case, we do not apply stereo rectification to images.
POC (+Affine)
POC is used for window matching between multi-view images. The peak values of the POC function are computed with changing depth Z by the step size ∆Z and the depth with the highest peak value is selected as the optimal one. In this paper, we set the step size ∆Z corresponding to a quarter of the matching window size on the stereo images. The threshold value th corr for the peak value of the POC function is 0.5. The size of matching windows w × L is 32 × 17 pixels. Note that effective information on the POC function with 32 × 17 pixels corresponds to information on the matching window with 17×17 pixels of NCC-based window matching, since we apply a Hanning window with w/2-half width to the POC function to reduce the boundary effect in DFT computation [15] . When reducing the effect of image transformation of matching windows in POC-based window matching methods, we employ the method described in Sect. 3.3. Note that the combination of stereo rectification and the affine transformation corresponds to the homography transformation used in NCC-based window matching methods.
Accuracy of 3D Reconstruction
We evaluate the accuracy of 3D point clouds obtained by each method using the error rate between the estimated depth and the true depth. We select 21 images from "dog" and "cat" and 9 images from "Fountain-P11" as the reference view V R and select 2-4 images in order of distance from each reference view V R as neighboring views C. Note that all the images including in the dataset are used as either a reference view or a neighboring view. We estimate the depths of all the image coordinates on V R from V R and C using the window matching methods and evaluate the error rate e defined by
where Z calculated is the estimated depth and Z ground-truth is the true depth on V R obtained from the ground-truth mesh model. Note that, in the case of "Fountain-P11," we estimate the depth from the pixel coordinates on V R with the spacing of 4 pixels in order to reduce the processing time.
We do not estimate the depth from the area which does not exist ground-truth mesh model on V R such as background and also do not evaluate matching error on such area. Figure 4 shows histograms of error rates for each dataset. The histograms are plotted with an interval of 0.01% along the vertical axis. The upper row of Fig. 4 illustrates histograms between error rates and the number of reconstructed 3D points having the associated error rate, while the lower row illustrates histograms between error rates and frequencies of reconstructed 3D points having the associated error rate. Table 2 shows a summary of the total number of reconstructed 3D points and the median of error rates for each dataset. Although we do not apply any outlier removal method to the reconstructed 3D point clouds, the total number of 3D points are different from each method, since we do not estimate the depth on the point whose matching scores are below threshold for all the views. Hence, we observe a different trend between histograms for the number of points and the frequency.
First, we discuss the experimental results using our datasets "dog" and "cat." The 3D point clouds reconstructed by POC+Affine, i.e., our proposed method, have a significant number of points with low error and a low number of points with high error compared with the 3D point clouds reconstructed by other methods. The results for POC indicate the same trend in those for POC+Affine as shown in Fig. 4 and Table 2 . The accuracy of 3D points reconstructed by POC is comparable with that by POC+Affine, while the number of 3D points is less than POC+Affine. When image transformation between matching windows is large, the peak value of POC function is significantly dropped. If the peak value is smaller than the threshold th corr , the 3D point is not reconstructed from such matching windows. Therefore, the number of 3D points of POC is less than POC+Affine, since image transformation between matching windows is not corrected in the case of POC.
Next, we discuss the results using "Fountain-P11." The number of 3D points reconstructed by POC and POC+Affine is less than that by NCC-based methods. On the other hand, POC+Affine exhibits good performance compared with other methods, focusing on the histogram of frequencies and the median of error rates. This fact indicates that if the 3D point is reconstructed by the proposed method, its accuracy is significant high. Figure 5 shows reconstructed 3D point clouds and their error maps. Note that outliers including in reconstructed 3D point clouds in Fig. 5 are removed by hand for easy-to-understand illustration. Although there are some points having large error, i.e., red points, regardless of methods, the number of points having low error, i.e., blue points, for POC is more than that for NCC+LM. Similarly, the number of points having low error (blue points) for POC+Affine is more than that for NCC+LM+Homography. As observed in the above, the proposed method exhibits more accurate 3D reconstruction than that with all the NCC-based window matching methods.
Computational Cost
We evaluate the computational cost to estimate the depth of one point on the reference view for each method. POC-based window matching can estimate the true depth within the range corresponding to ± 1/4 of the window size by one window matching. For NCC-based window matching, we evaluate the computational cost required for depth estimation within the search range equivalent to that in POC-based window matching. The computational cost is evaluated by the number of additions, multiplications, divisions, and square roots required for window matching. Table 3 shows the computational cost to estimate the depth of one point on the reference view using each method. The total cost is calculated as the weighted sum of the number of arithmetic operations, where the weights associated with additions, multiplications, divisions, and square roots are 3, 5, 6, and 6, respectively. We determine the weights based on the latencies of corresponding instructions in Intel R ⃝Core TM Microarchitecture [22] . As for NCC+LM (+Homography), we evaluate the average computational cost in the Fountain-P11 dataset, since its computational cost depends on the input image. POC (+Affine) includes the computational cost of stereo rectification. The computational cost of stereo rectification is divided by the number of points and added to that of POC (+Affine), since stereo rectification is applied to the whole image once.
Focusing on the type of matching method and subpixel estimation, POC-based methods require lower computational cost than NCC-based methods. By reducing the effect of image transformation, the computational cost in- creases both for NCC-and POC-based methods. The computational cost for POC+Affine is higher than that for POC, since POC-based matching for nine candidate of the normal vector is required to estimate the optimal normal vector. Although the computational cost for NCC also increases by geometric correction as well as POC, the computational cost for POC+Affine is still lower than that for NCC-based methods with geometric correction.
Conclusion
We proposed an efficient method of window matching using POC with geometric correction of matching windows. The proposed approach reduced the nonlinear deformation of matching windows by using scaling and skewing. The method makes it possible to achieve accurate 3D reconstruction even if stereo image pairs have large image transformation. The proposed method demonstrated more accurate 3D reconstruction from multi-view images than conventional window matching methods in a set of experiments. We plan to develop a more efficient MVS algorithm in the future by using the proposed method.
